Steering System of Electric Vehicle using Extreme Learning Machine by Ahmadi, Sofyan et al.
Sofyan Ahmadi 
Dept. of Electrical Engineering  




Dept. of Electrical Engineering 




Dept. of Electrical Engineering 
University of Jember  
Jember, Indonesia 
email: azmi2009@gmail.com 
Abstract— The development of electric vehicle technology is 
currently increasing and growing very fast. Some efforts have 
been conducted, one of which is using BLDC (brushless direct 
current) motors to improve efficiency. This study utilized 
extreme learning machine (ELM) embedded on the 
microcontroller as well as the differential method for controlling 
the rotational speed of the BLDC motor. The experimental 
results on the acceleration testing by traveling a distance of 200 
meters achieved the average current of 1.09 amperes. The 
average power efficiency test is 104 watts. Furthermore, the 
results of the efficiency experiment with a track length of 3.3 km 
(kilometers) in 10 minutes obtained the energy efficiency of 
177.34 km / kWh (kilowatt for one hour). 
Keywords— BLDC Motor, Differential Electronics, Extreme 
Learning Machine, Acceleration, Efficiency. 
I. INTRODUCTION
In electric vehicles, BLDC (brushless direct current) 
motors are widely used as prime movers because they are easy 
to apply because they have massive torque, so they have a 
more significant field current than DC (direct current) motors. 
BLDC motor has a disadvantage because it requires a 
mechanical commutator or brush in the operation of the motor. 
Therefore, it needs regular commutator (brush) changes 
[1][2]. Because DC motors have weaknesses in terms of 
maintenance, the BLDC motor is used for primary movers in 
electric cars because there are no mechanical commutators so 
that it is easier to apply to electric vehicles. For BLDC motor 
efficiency is higher than DC motors because the rotor is made 
of permanent magnet [3]. 
In operating a BLDC motor on the rotor, a three-phase 
voltage source is needed. Because in a BLDC motor, the 
voltage source is direct current or DC voltage, a three-phase 
inverter is needed to convert the DC voltage into a non-phase 
AC Voltage. In using the inverter, there are two methods, 
namely the six-step sinusoidal PWM method. However, in the 
application of BLDC motor control, many six-step methods 
are used because they have a simple algorithm and have high 
stability. To increase reliability in the six-step method, an 
appropriate frequency setting is needed. Then to increase the 
efficiency of the BLDC motor, a closed cycle control system 
is needed. There are several kinds of algorithmic methods in 
the design of closed-cycle control, one of which is neural 
network control [2][4]. 
To improve energy efficiency in running an electric 
vehicle, a control in the steering system is needed. The 
expected steering system is an electronic control, which is 
commonly called an electronic differential motor control. 
In the differential control, the speed changes will be 
made between  the  right and left motors on electric  vehicles 
so that it is expected to slip or friction with the road when the 
vehicle is running can be minimized [5]. 
In the use of differential electronic control on a BLDC 
motor for electric vehicles, a closed cycle control is needed to 
get more energy efficiency. In this research, extreme learning 
machine (ELM) control is used because it has the benefit of 
analyzing the energy that has been obtained so that after 
training or data processing, an equation is obtained to be 
entered into the BLDC motor control algorithm. In the 
application of ELM, the ELM control used can provide 
contrast to the current and steering angle to get maximum 
energy efficiency [6][7]. 
II. PROPOSED METHOD
A. Differential Electronic Steering Control System
Motor rotation, which is always the same when the
vehicle is running, will be prone to slip or slip. Therefore the 
electronic differential control system BLDC motor will 
provide different turns between the right motor and the left 
motor by considering the steering angle and the current rise. 
In Figure 1, we can see the mechanical system in an electric 
vehicle based on differential control electronics [8][9]. 
Fig 1. Electric Vehicle based on differential steering system 
Vehicles have a total weight of 150 kg with a 50 kg driver 
weight. Thus, the total workload of the control system is 200 
kg. The frame is made of iron with the supine position of the 
driver with a view to obtaining an aerodynamic function or 
air resistance. The use of four wheels is to get an easier 
steering system and lower power on the motor. It minimizes 
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heavy loads on the motor and BLDC motor control in 
particular. In this steering system, when turning, the speed 
between the right BLDC motor and the left-hand BLDC 
motor will change. 
Fig 2. Differential Electronic Systems in Electric Vehicles 
BLDC motors are installed in-wheal or together with 
wheels, so they do not need a mechanical transmission 
system. The use of rear wheels with a diameter of 16 inches 
while the front wheels with a diameter of 14 inches. In this 
design, it is expected to provide a small load so that research 
on BLDC motor control uses the Extreme Learning Machine 
(ELM) neural network method so that the vehicle can run 
well with a load that is not too large. 
  WL = (1 + (( tanᵟ (pi / 180 ) dW ) / LW )) ( VL /( R ))    (1) 
  WR = (1 + (( tanᵟ (pi / 180 ) dW ) / LW )) ( VR /( R ))    (2) 
In Equation 1 and Equation 2, it can be seen that WL is 
the energy needed for vehicles to turn left while WR is the 
energy used by vehicles to turn right. DW is the distance 
between the right drive motor and the left drive motor. LW is 
the distance between the front wheels and rear wheels of the 
vehicle. Then for VL is the speed of the left motor drive, and 
VR is the speed of the right motor drive, and R is the wheel 
diameter on the vehicle used [10][11]. 
Fig 3. Electric Vehicle Turn System 
B. Electronic Vehicle Differential System Design
In designing an electronic system, the differential electric
vehicle is a controlling speed of the BLDC motor rotating. 
The steering system is added by an angle sensor to determine 
the speed input as ordered by the microcontroller [12]. 
Fig 4. Electronic Differential Block Diagram of Electric 
Vehicles 
In Figure 4, there are two parts of the schematic design, 
the first part is the design of the MOSFET driver, and the 
second part is the design of the Arduino ports connecting with 
the MOSFET driver circuit. In designing the MOSFET of the 
ELM driver, there are two parts, namely high-side and low-
side [13]. Each of these two parts has a function for the 
switching process to drive the MOSFET to produce a rotating 
motion on the BLDC motor, which will be controlled by 
rotating speed. In the MOSFET driver circuit, there are three 
transistors, the BC 547 type, which is very suitable for 
switching types with Vcc voltages up to 50 volts on the 
datasheet. The first transistor has a function as a switch or 
switching. The second transistor will strengthen the 
switching process via the PWM input from the Arduino 
microcontroller. If there is no current strengthening the drive 
MOSFET, the voltage at the foot of the MOSFET gate will 
experience a voltage drop. 
C. ELM Controller Design
In-plant identification with ELM is used to determine the
plant. The plant identification below has one output, PWM. 
The identification applied here uses an identification model 
reference. The following is the model of the ELM plant. 
Fig 5. ELM Controller Diagram Block 
Figure 5 is a plant model from ELM. This plant model is 
applied to Matlab software by using the source code that has 
been created and designed. The ELM plant model above 
where the input is RPM data and output is setpoint data. From 
this RPM input, there will be a delay, as shown above, with 
the Matlab software according to the source code created. 
This plant model is an initial identification that will be used 
as a control of ELM. 
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Fig 6. ELM Network [14] 
From Figure 6, the design of the motor speed control 
system with ELM above contains several system blocks. The 
block from the motor plant is input data in the form of 
setpoint or PWM and output in the form of RPM. Where the 
results of this motor plant will be used as an identification of 
the ELM controller. However, the output of this motor will 
be used as input on the ELM controller, and the output of the 
ELM controller is a PWM motor [14]. So the input from the 
ELM controller is the speed in units of RPM, and the steering 
angle, and the output is a PWM motor. To get the value of 
current and speed when testing electric vehicles, a sensor is 
used as a parameter to be processed in an ELM (artificial 
Neural Network) system. The speed sensor is used to detect 
the speed of electric vehicles mounted on the wheels of 
vehicles that have been calibrated, as for the angle sensor 
mounted on the steering wheel of the vehicle. 
III. RESULTS AND DISCUSSION
A. Acceleration Testing
Acceleration Testing is a form of testing for the
acceleration of the toughness of an electric vehicle system 
when used on roads with driving in a straight line. Figure 7 is 
a graph between the set point value of speed in RPM is a 
vehicle acceleration testing using ELM control. Acceleration 
testing is done by running the system at a distance of 200 
meters. This acceleration testing emphasis on increasing 
current. The set point value cannot be balanced with the 
increase in the desired RPM value because there is an effect 
of the increase in current on the BLDC motor control. 
Fig 7. Flow Testing on Electric Vehicle Acceleration using 
ELM Control 
Changes in the setpoint value quickly will give the effect 
of a drastic change in the value of the speed so that the current 
will increase rapidly. The experimental results for the system 
without ELM control obtained an average current of 1.34 
amperes, whereas the system that used the ELM controller 
obtained an average current of 1.05 amperes. The current at 
the start of the system works slowly because the neural 
network control suppresses the rapid increase in PWM due to 
current control on the ELM system. 
B. Energy Efficiency Testing of Electric Vehicles
The experiments on energy efficiency in electric vehicles
evaluates the energy analysis when electric vehicles are used 
directly on the track or on the highway. Figure 8 is the 
experimtal resulst of energy efficiency of electric vehicles 
using ELM control. We can see graphs of efficiency testing 
in close-loop mode or using ELM control with an unstable 
power value. The average power value obtained is 101 watts. 
Then the measured energy meter for completing the 3.3 km 
trajectory is 18.4 kWh. 
Fig 8. Electric Vehicle Energy Efficiency Testing Chart 
with ELM 











1,25  1 kWh = 170,48 km 115 
2 PID 1,23 1 kWh = 171,76 km 114 
3 ELM 1,09 1 kWh = 177,34 km 104 
Table 1 show the comparison of the the system with ELM 
control and without ELM control. In the experiment of energy 
efficiency without ELM control, the energy transfer is 1 kWh 
(kilowatt for one hour) on the battery. It can move the vehicle 
as far as 170.48 km (Kilometers) or 170.48 km (kilometers) / 
kWh. Meanwhile, the energy efficiency of the system with 
ELM control obtained energy transfer of 1 kWh energy on 
the battery. It can move the vehicle as far as 177.34 km or 
177.34 km / kWh, as can be seen in Figure 9. 
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Fig 9. Comparison of Vehicle Energy Usage Results 
 
IV. CONCLUSION 
This paper present the new control system of the electric 
vehicle using exterme learning machine (ELM). The 
experimental results on the acceleration testing, by traveling 
a distance of 200 meters, the system obtained an average 
current value of 1.09 amperes. As for the testing the 
efficiency, by traveling a distance of 3.3 km (kilometers) with 
10 minutes, the system achieved an average power of 104 
watts with energy consumption of 177.34 km / kWh (kilowatt 
for one hour). 
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